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Introduction
Biologists increasingly face the challenge of accurately predicting how individuals, populations and communities respond to the ever greater changes in the environment. One way of tackling this challenge is to use an approach based on the characteristics of individuals and examine how the environment affects the change of individuals in these characteristics, thereby generating the dynamics of population structure (Webb et al. 2010) . Different types of such approaches exist, including physiologically structured population models (PSPMs; Metz & Diekmann 1986) , delay-differential equation models (Nisbet & Gurney 2003) , individual-based models (IBMs; Grimm & Railsback 2005) , Matrix Population Models (MPMs ; Caswell 2001) , and Integral Projection Models (IPMs) (Easterling, Ellner & Dixon 2000) . These approaches differ less in conceptual structure than in their mathematical details. MPMs and IPMs are closely and easily linked to data, but, whereas MPMs assume that individuals occupy discrete stages, IPMs accommodate both discrete and continuous state variables (e.g. Smallegange, Deere & Coulson 2014) . IPMs have emerged as a powerful tool to investigate population-level processes from an individual-level perspective, partly because the demographic processes of growth, survival and reproduction are estimated using flexible and easy-to-use phenomenological methods such as regression models (Ellner, Childs & Rees 2016) . The downside of these regression models, however, is that they lack a mechanistic representation of the biological processes that give rise to observed survival, growth and reproduction. In this article, we discuss an alternative, more mechanistic approach to parameterisation, which explicitly incorporates an energetic description of growth and reproduction into IPMs. This will allow researchers who are not comfortable using the more mathematically challenging PSPMs, to investigate ecological and evolutionary patterns such as population dynamics, geographic distributions or evolution of life-history strategies, from an energy budget perspective on demographic rates, which has traditionally been tackled by using the mathematically more challenging PSPMs.
The character that is most commonly used to describe individuals in IPMs is body size (Ellner, Childs & Rees 2016) . However, body size is determined by the process of growth, which is critically affected by food availability: the more energy is allocated to growth, the less will be available to allocate to other processes such as reproduction. When estimating demographic rates for growth and reproduction using phenomenological models, these processes are modelled independently from each other so that the latter trade-off (and hence the principle of energy conservation) is ignored. Because of the central importance of growth to any model structured by body size, it is attractive to base the model on a mechanistic representation of the individual energy budget. Dynamic energy budget (DEB) theory (Kooijman 2000 ) provides a well-tested framework for modelling the acquisition and use of energy for organisms during the entire life cycle. DEB models have mainly been incorporated as mechanisms in PSPMs to study density-dependent feedback effects between a population and its environment, and resulting patterns of life-history evolution (de Roos & Persson 2013) . However, the analysis of PSPMs requires rather complicated methodology and PSPMs typically are more mathematical representations of biological systems. In contrast, IPMs are data-driven, provide a way of synthesising complex life-history information and can be analysed using more straightforward mathematical techniques (Smallegange & Coulson 2013) . What is more, work is in progress to develop a more general approach for computing dynamic properties of nonlinear IPMs (Day & Kalies 2013) . This means that, in the near future, as with PSPMs, it should be possible to analyse complex dynamics, for example by conducting bifurcation analyses of attractors (Ellner, Childs & Rees 2016) .
Here, we use a simple version of the standard model of Kooijman's DEB theory, also known as the Kooijman-Metz model (Kooijman & Metz 1984) , to derive the demographic functions that describe growth and reproduction. We parameterise the resulting DEB-IPM for two species that are opposites in terms of body size and life-history speed: the small, fast-reproducing bulb mite Rhizoglyphus robini and the large, slow-reproducing reef manta ray Manta alfredi. We use the parameterised DEB-IPMs to examine for mites and rays how population growth rate, lifetime reproductive success and generation time vary with feeding conditions, and assess model performance by comparing the resulting predictions against empirical observations.
Materials and methods

G E N E R A L S T R U C T U R E O F T H E D E B -I P M
The DEB-IPM, like any IPM, describes the dynamics of the length number distribution N(L, t) from time t to t + 1, with N as the number of females, by:
where the survival function S(L(t)) is the probability that an individual of length L survives from time t to t + 1, and G(L 0 , L(t)) is the probability that an individual of length L at time t grows to length L 0 at t + 1, conditional on survival. The reproduction function R(L(t)) gives the number of offspring produced between time t and t + 1 by an individual of length L at time t. The probability density function
gives the probability that the offspring of an individual of length L are of length L 0 at time t + 1, and hence describes the association between parent and offspring character values. The closed interval Ω denotes the length domain. The Kooijman-Metz model is a model for the energy allocation and growth of an individual. It implies a structure for the functions G(L 0 , L(t)) and R(L(t)); when those functions are incorporated into the IPM, the resulting model describes the dynamics of a population of individuals, each of which follows the energy budget model. Below we describe how we derive the functions G(L 0 , L(t)) and R(L(t)) from the Kooijman-Metz model. DEB theory does not describe the rates S(L(t)) and D(L 0 , L(t)). Parameterisation of these remaining parts of the DEB-IPM therefore in principle proceeds as in the standard IPMs, namely through regression analysis of data on survival and offspring size as a function of (parent) body size.
Growth
We assume that an individual consumes a food resource X following a scaled Holling type II functional response (Kooijman 2000) , which we indicate with Y. The constant quantity Y is also referred to as the experienced feeding level as it indicates the feeding rate as a fraction of the maximum feeding rate of an individual of a particular size, ranging from zero (no feeding when X = 0) to one (when feeding rate equals maximum feeding rate at very high levels of X). There is no population feedback on the resource (the Supporting Information contains an example consumer-resource DEB-IPM showing how feedback between consumers and resource could be included). The KooijmanMetz model assumes that individual organisms are isomorphic (body surface area and volume are proportional to squared and cubed length, respectively). The rate at which individuals ingest food, I, is assumed to be proportional to the maximum ingestion rate I max , the current feeding level Y and body surface area, and hence to the squared length of an organism:
Ingested food is assimilated with a constant efficiency e. A constant fraction j of assimilated energy is allocated to respiration; this respiration energy equals jeI max YL 2 and is used to first cover maintenance costs, which are proportional to body volume following ξL 3 (ξ is the proportionality constant relating maintenance energy requirements to cubed length), while the remainder is allocated to somatic growth. The remaining fraction 1 À j of assimilated energy, the reproduction energy, is allocated to reproduction in case of adults and to the development of reproductive organs in case of juveniles, and equals (1 À j)eI max YL 2 . From the above, the change in length L over time can be derived as (Kooijman & Metz 1984; Supporting Information) :
where _ r B is known as the von Bertalanffy growth rate and L m = jeI max /ξ is the maximum length under conditions of unlimited resource. Both j and I max are assumed to be constant across experienced feeding levels, and therefore, L m is also assumed constant. Integrating the differential eqn 2 from time t to t + 1 results in the function describing length at time t + 1 as a function of length at time t for a single individual (Supporting Information):
Underlying eqn 3 is the assumption that growth in body length is negative, that is L(t + 1) < L(t) and individuals shrink, when maintenance requirement exceed respiration energy; that is when
Shrinking in response to starvation conditions occurs in many softbodied invertebrates and even in vertebrates (Wikelski & Thom 2000) . If organisms do not shrink under starvation conditions, additional conditions are required for eqn 3 to incorporate the mechanism that, to avoid shrinking, individuals rechannel energy from reproduction to maintenance (Supporting Information):
Individuals die from starvation at a length at which maintenance requirements exceed the total amount of assimilated energy, that is the sum of respiration and reproduction energy:
Introducing interindividual variability in feeding: stochastic growth Growth of individuals as described by eqns 3 and 4 is deterministic; for example, two individuals born at the same size will be of identical size throughout their life. Implicitly underlying the population-level model of eqn 1, however, is a stochastic, IBM, in which individuals follow Markovian growth trajectories that depend on an individual's current state (Easterling, Ellner & Dixon 2000) . This individual variability is in standard IPMs modelled using a probability distribution, typically Gaussian, where the mean length and variability (model residuals) are regression functions of length (Easterling, Ellner & Dixon 2000) . Parameterizing such a distribution requires an extensive data set containing pairs of body lengths measured on the same individual at time t and t + 1. As we aim for users to be able to also apply the DEB-IPM to data-deficient species, we take a data-independent approach. We introduce variability as arising from how individuals experience the environment. We assume that the experienced feeding level Y follows a probability distribution f(Y), which means that individuals within a cohort of length L do not necessarily experience the same feeding level due to demographic stochasticity (e.g. individuals, independently of each other, have good or bad luck in their feeding experience). The expectation of this probability distribution is related to the resource density in the environment: E(Y) = X/(K + X) where X represents the resource density in the environment and K is the half-saturation constant. Because the growth rate of an individual is a linear function of its experienced feeding level Y (eqn 3), our assumptions about the interindividual variability in experienced feeding level imply that the growth realised by a cohort of individuals with length L(t) equals (assuming individuals can shrink):
The variance in length at time t + 1 for a cohort of individuals of length L is then given by:
If individuals cannot shrink, eqn 5 and eqn 6, respectively, become (Supporting Information):
and
for L L m EðYÞ 0 o t h e r w i s e . eqn 8
We assume that the experienced feeding level Y follows a Gaussian distribution with mean E(Y) = X/(K + X) and standard deviation r (Y), which means that the probability density function describing growth equals:
where E(L(t + 1)) is given by eqn 5 and r 2 L ðLðt þ 1ÞÞ by eqn 6 for individuals that can shrink, and by eqn 7 and eqn 8, respectively, for individuals that do not shrink under starvation conditions. Following standard practice in the construction of IPMs (Ellner, Childs & Rees 2016) , eqn 9 describes a Gaussian probability distribution of body lengths at time t + 1 for any given body length at time t. In standard IPMs, statistical regression functions are used to estimate E(L(t + 1)) and r 2 L ðLðt þ 1ÞÞ.
Reproduction
According to the Kooijman-Metz model, reproduction, that is the number of offspring produced by an individual between time t and t + 1, equals YÁR m ÁL 2 =L 2 m (Supporting Information). The parameter R m is the maximum reproduction rate of an individual of maximum length L m . Note that R m is proportional to (1 À j) (Supporting Information), whereas L m is proportional to j, which controls energy conservation. However, the role of j in the DEB-IPM is mostly implicit, as j is used as input parameter only in the starvation condition L > L m E (Y)/j, whereas R m and L m are measured directly from data. Like L m , R m is also proportional to I max (Supporting Information); as both j and I max are assumed to be constant across experienced feeding levels, R m is also assumed constant. Individuals are mature when they reach puberty at length L p and only surviving adults reproduce; thus, only individuals within a cohort of length L p ≤ L ≤ L m Y/j reproduce. As with the growth rate, the reproduction rate of an individual is a linear function of its experienced feeding level Y with proportionality constant R m ÁL 2 =L 2 m . Hence, the reproduction realised by a cohort of individuals of length L between time t and t + 1 that can shrink under starvation conditions equals:
If individuals do not shrink under starvation conditions, eqn 10 becomes (Supporting Information):
Lm forL m EðYÞ\L L m EðYÞ=j.
eqn 11
Survival
For simplicity, we assume a constant, size-independent background mortality rate l. Additionally, an individual can only survive if it is able to cover its maintenance costs (i.e. when L≤L m Y/j). Assuming large numbers of individuals of length L, the fraction of individuals in a cohort of length L that survive from time t to t + 1 equals:
o t h e r w i se.
eqn 12
If DEB-IPM users prefer to model survival size dependent, one could use a logit function (because individuals either survive or die) to regress survival data against body length so that eqn 12 becomes:
where a and b, respectively, are the intercept and slope of the logit function.
Parent-offspring association
The same rationale that we used to construct the growth function G(L 0 , where E Lb ðLðtÞÞ is the expected size of offspring produced by a cohort of individuals with length L(t), and r 2 Lb ðLðtÞÞ the associated variance. Here, for simplicity, we set E Lb ðLðtÞÞ constant and r 2 Lb ðLðtÞÞ ¼ 0 (see below). Users that wish to relate E Lb ðLðtÞÞ to, for example, parental body length could adopt the standard IPM approach and regress offspring body length at time t + 1 against parental body length at time t to obtain E Lb ðLðtÞÞ, and the associated variance, r 2 Lb ðLðtÞÞ, from the squared residuals (Easterling, Ellner & Dixon 2000) .
Our two applications below illustrate how the DEB-IPM can be parameterised for a data-rich species (bulb mite) and data-poor species (reef manta ray). Importantly, if users do not have access to data to estimate all DEB parameters for their study species, one could check the add-my-pet data collection (Add-my-pet 2016), which contains DEB parameter estimates for >300 species, and use estimates of (closely) related species.
Parameterisation for the bulb mite
Bulb mites (Acaridae) live in the soil and feed on bulbs and tubers and are pests of many crops and ornamentals (D ıaz et al. 2000) . Bulb mites are small (100-1000 lm) and live for up to a few months. From egg to adult, they go through a larval and two to three nymph stages, which takes between 11 and 40 days depending on food quality (Smallegange 2011) . To parameterise the DEB-IPM, we use data on female bulb mite life-history trajectories observed at a low (ad lib access to filter paper), and high (ad lib access to yeast), feeding-level diet (Smallegange 2011) . We assume that bulb mites can shrink in response to starvation [note that model output in case of the bulb mites does not differ between whether individuals can shrink or not (Fig. S1)] . Egg length at birth is independent of feeding level and maternal length (Smallegange, Deere & Coulson 2014 ); hence, we set E Lb ðLðtÞÞ ¼ L b ¼0Á166 mm (Table 1) , and r 2 Lb ðLðtÞÞ ¼ 0. The maximum length observed for an adult female is L m = 1Á008 mm ( Table 1) . Reproduction of this female was not measured and, instead, we estimated R m by taking the maximum, observed average daily egg production rate of adult females on the high feeding level, which equals R m = 32 (Supporting Information). Ultimate length L ∞ is the asymptote of the von Bertalanffy growth curve in length and represents the largest length an individual can achieve at a particular feeding level. The length of the largest individual observed at the low feeding level equalled 0Á642 mm, and hence, we set L ∞ = 0Á642 mm ( Table 1 ). The length of the largest individual observed on the high feeding level equalled 1Á008 mm, and hence, L ∞ = L m = 1Á008 mm (Table 1) . Length at puberty, L p , within species is not affected by growth and maturation rate in the Kooijman-Metz growth model (even if these vary depending on food conditions). However, bulb mites are very plastic in their size at maturity in response to food conditions (Table 1) . We therefore chose to relate L p to L ∞ using the linear relationship (Kooijman 2000, p. 270) :
We took the observed L p and L ∞ values for both feeding levels (Table 1) and, using linear least-squares regression, estimated d = 0Á539 [95% confidence interval (CI): 0Á134-0Á945]. The basic Kooijman-Metz model assumes a constant value for _ r B , which, here, results in poor predictions on mite body growth and the population biology descriptors (Figs S1 and S2). Because mites show very plastic growth in response to different feeding levels (Fig. S1 ), we stepped away from this assumption and used a statistical approach where we linearly related _ r B to feeding level and ultimate length following:
where the coefficient a and b are related to parameters from the full, scaled standard DEB model: energy conductance (a) and somatic maintenance (b) (Kooijman et al. 2008) . To estimate a and b, we first estimated _ r B for each feeding level using a nonlinear least-squares estimation procedure in R (nls function) (R Development Core Team 2013) to fit the equation
rBt for _ r B (see also eqn 2) against observed growth curves (Smallegange 2011), with L b and L ∞ fixed at the values observed for each feeding level (Table 1) . We estimated _ r B at 0Á083 AE 0Á001 SE (t = 74Á67, P < 0Á001) and 0Á016 AE 0Á0003 SE (t = 42Á36, P < 0Á001) for the high and low feeding levels, respectively. These values, along with the observed values for L ∞ for each feeding level (Table 1) , were next used in a linear leastsquares regression to estimate a = À137Á8 and b = 151Á0 [R 2 = 1Á00 (no variation)] (eqn 15; Supporting Information). Mortality rate l was set constant (eqn 12), which is for the most part justified as, in juveniles, mortality is unrelated to body length and only limitedly affected by food quality, although mortality varies with body length and food quality in adults (Smallegange, Deere & Coulson 2014 . Finally, in the starvation condition, we set j = 0Á082 [estimated using published data (Smallegange 2011) and standard procedures described in Add-my-pet (2016)]. All data and statistical models (fitted in R; R Development Core Team, 2013) used to estimate a, b, d, _ r B , R m , l and j are given in the Supporting Information.
Expected feeding level E(Y) ranges from zero (empty gut) to one (full gut). Here, mites on the high feeding level can be assumed to always have a full gut so that E(Y) = 1. However, we set E(Y) = 0Á95 for the high feeding level as r(Y) > 0. Assuming that resource density is constant, expected feeding level can be related to ultimate physical length (Kooijman et al. 2008 ) so that, for the low feeding level, E(Y) = 0Á642 mm/1Á008 mm = 0Á64. We have no knowledge on r(Y) and therefore ran each analysis for three values of r(Y): 0Á1, 0Á3 and 0Á5. This does create an inconsistency as 0 ≤ E(Y) ≤ 1, whereas r(Y) can be as high as 0Á5. However, we explored these high values of r (Y) as (very) low values did not affect model output. Future work with probability distributions that strictly confine the experienced feeding level Y between 0 and 1 should reveal the implications of this inconsistency for model predictions.
Parameterisation for the reef manta ray
The reef manta ray (Mobulidae) is one of the largest rays in the world and is distributed world-wide in tropical and subtropical waters. They are non-migratory and live close to coasts, reefs or islands, where they aggregate at cleaning stations and areas where they feed on zooplankton (Marshall et al. 2011a) . We chose to use the DEB-IPM with the additional assumption that individuals cannot shrink under starvation conditions (as shrinking is less likely to occur in vertebrates than in invertebrates). We use published life-history data on female reef manta rays obtained from a stable population off the coasts of Yaeyama Islands, Japan, which population growth rate is estimated at k = 1Á02-1Á03 (Kashiwagi 2014) . We use the disc width, that is the distance between the two pectoral fin tips, as the measure for body length. Length at birth is measured at 130 cm and females mature at about 10 years of age at a minimum length of 380 cm (Kashiwagi 2014 ) and live at least 40 years, reaching a maximum length of 550 cm (Marshall, Dudgeon & Bennett 2011b ). On average, adult females produce one pup every 2 years (Kashiwagi 2014) , but this can be as high as one pup every year (Marshall et al. 2011a) . Based on these observations, we set 
Model performance
We first compared the bulb mite functions for growth and reproduction predicted for both feeding levels against independent, empirical data. We could not do test this for reef manta rays as no independent, empirical observations are available. We next used eqn 1 to create predictions of population growth rate (k), lifetime reproductive success (R 0 ) and generation time (T) for each species. To this end, we discretised the IPM (eqn 1) and divided the length domain Ω into 200 very smallwidth discrete bins, defined as 'mesh points' (a higher number of bins did not produce different results). The result is a matrix that maps a vector of 200 size classes from time t to t + 1. The dominant eigenvalue of this matrix equals k. R 0 was calculated as the dominant eigenvalue of the matrix F = V(I À GS)
À1
, where I is the identity matrix and V = DR, where D is a matrix that approximates the parent-offspring association kernel and R is a matrix that approximates the reproduction kernel (Caswell 2001) . G and S, respectively, are the matrix that approximates the growth function and the survival function. In the Supporting Information, we provide a detailed explanation and example of how to construct these matrices. Generation time was approximated as T = log(R 0 )/log(k), which represents the time it takes a population to increase by a factor R 0 (Caswell 2001) .
We used the DEB-IPM to investigate for both species the relationship between expected feeding level and the population biology descriptors k, R 0 and T for the three values of r(Y) (0Á1; 0Á3; 0Á5). In case of the mites, we compared these relationships against observed values for mites raised on the low and high feeding levels, but also on a diet of intermediate feeding level: ad lib access to oats, for which E(Y) = L ∞ (oats)/L m (yeast) = 0Á857/1Á008 = 0Á850 (Deere, Coulson & Smallegange 2015) . In case of the rays, we compared these relationships against the estimated value of k = 1Á02 for the Japan population (Kashiwagi 2014) , the observed value of cohort generation time T c = 25 years [T c is defined as defined as the mean age at which adult reproduce and calculated, very roughly, by taking the mean of the minimum and maximum adult age: (10 + 40)/2 = 25 years], and R 0 = exp [T c 9 log(k)] = 1Á6. Note that, for both species, we compared predicted generation time T (calculated from k and R 0 estimated from the DEB-IPM) against observed cohort generation time T c as no observations on T exist. However, these two measures are often similar (Caswell 2001) .
Results
M O D E L P E R F O R M A N C E
It is rewarding to see that the von Bertalanffy growth function that is derived from the Kooijman-Metz DEB model fits the empirical observations on bulb mite growth well for each feeding level (Fig. 1a,b) . The function describing bulb mite mean reproduction overestimates independent observations (independent because these data were not used to estimate any of the DEB parameters) on reproduction rates at the low feeding level (Fig. 1c) . However, for the high feeding level, predicted mean reproduction rates match independent observations on mean bulb mite reproduction (Fig. 1d : solid and dotted lines are similar).
Unsurprisingly, both k and R 0 increased with increasing feeding level for both bulb mites and reef manta rays (Fig. 2a-d) . For the mites, predicted increases in k and R 0 followed empirical observations (Fig. 2a,c) . Even though individual reproduction rates were overestimated for large mites at E (Y) = 0Á64 (Fig. 1c) , this did not result in an overestimation of k at E(Y) = 0Á64 (Fig. 2a) , but did overestimate R 0 (Fig. 2c ) and thereby T (Fig. 2e) at E(Y) = 0Á64. Predicted R 0 at E (Y) = 0Á95 did not significantly differ from observed R 0 for the mites (inferred from the fact that the predicted value is within the 95% CI of the observed value) (Fig. 2c) . In case of the rays, predicted k and R 0 overlapped with observed values at feeding levels E(Y) between 0Á7 and 0Á8 (Fig. 2b,d) . Generation time for both species decreased with increasing feeding level (Fig. 2e,f) . In case of the mites, only at the highest feeding level did the predicted value match observed cohort generation time T c (Fig. 2e) . In case of the rays, predicted T matched observed Fig. 1 . Bulb mite demographic functions for growth and reproduction at time t + 1 in relation to body length at time t for the low and high feeding levels. Lines are predictions and symbols are observations (Smallegange 2011) . In panels (a) and (b), filled symbols and solid lines, respectively, denote when observed growth and growth predicted by the dynamic energy budget-integral projection model (DEB-IPM) function for growth is greater than zero; open symbols and dotted lines, respectively, denote when observed and predicted growth is equal to or lower than zero. In panels (c) and (d), solid lines represent DEB predictions on reproduction rates, and a linear regression fit is also plotted (dotted lines) to show how mean reproduction rate relates to body length. T c at feeding levels of E(Y) % 0Á75 (Fig. 2f) . Variation in feeding level, r(Y), had little effect on how each population descriptor varied with changing feeding level in case of the mites; in case of the rays, however, an increase in r(Y) decreased k and R 0 across the range of explored feeding levels (Fig. 2) .
Discussion
L E S S O N S F R O M T H E B U L B M I T E A N D R E E F M A N T A R A Y A P P L I C A T I O N S
Our application of the DEB-IPM to bulb mites and reef manta rays demonstrates the ease with which the framework can be parameterised and analysed. In case of the mites, there was a satisfactory match between predicted and observed individual growth and reproduction rates, except for reproduction by large individuals at low feeding levels. The latter mismatch was of little consequence to k, but did result in a predicted R 0 that was much higher than what we observed. The latter discrepancy carried over to create a mismatch at the same low feeding level between observed and predicted generation times T c and T, as T was calculated from the values of R 0 (and k) predicted by the model. Possibly, because bulb mites are very plastic in their life-history trajectories, the assumption of a constant j and I max , and hence constant R m and L m (both of which are used to calculated reproduction rates), is violated. The DEB-IPM did capture the patterns of how k, R 0 and T changed with changing feeding conditions in bulb mites, but predictions did not always fall within the CIs of data observations. To create such precise population forecasts across all feeding levels, alternative (DEB) models could be explored.
In case of the reef manta ray, we had few life-history data and no information on experienced feeding levels in the wild. However, we can glean some clues from the model output regarding experienced feeding levels. Most strikingly, values of all three predicted and observed population descriptors k, R 0 and T each overlapped between feeding levels of 0Á7-0Á8; this overlap increases confidence in the model's performance. A feeding level of around 0Á7-0Á8 suggests that reef manta rays experience feeding levels whereby their gut is considered 'just filled', on a scale between empty and bursting (Piet & Guruge 1997) . We purposefully applied the DEB-IPM to a stable population of reef manta rays, but many populations across the world are in decline, mainly due to overfishing and bycatch (Marshall et al. 2011a) . Parameters in the DEB-IPM all have biological definitions (Table 1) ; an elasticity analysis targeting lower feeding levels could therefore aid in identifying which life-history processes should be prioritised in conservation research and management.
M O D E L E V A L U A T I O N : S T R E N G T H S A N D W E A K N E S S E S
The key strength of models based on DEBs is that they incorporate trade-offs in energy use through the j-rule of the DEB core. This mechanistic underpinning means that the DEB-IPM is a promising tool to forecast population responses to novel or stochastically varying environmental conditions that predominantly affect growth and reproduction. To do so, using standard IPMs forces one to assume that the phenomenological demographic functions estimated for the original (constant or stationary) environment apply to individuals in the novel environment. If this assumption does not hold, for example when reproduction rates and/or size distributions differ greatly between the original and novel environment or when they vary greatly as environmental conditions vary over time, then extrapolation errors could create a substantial mismatch between predicted and actual population responses to environmental change. This is particularly likely to occur in organisms with plastic life histories; a recent stochastic, standard IPM applied to bulb mites indeed did not meet the assumption that demographic functions apply across all environments (Smallegange, Deere & Coulson 2014) . A similar rationale holds for modelling density dependence under temporally varying or novel conditions. In standard IPMs, density is included as a term in the regression models describing demographic rates (Ellner, Childs & Rees 2016) , again under the assumption that density dependence acts the same in the original and novel environment. Extending the DEB-IPM to include resource dynamics (one example of which is in the Supporting Information) introduces a mechanistic underpinning to density dependence that operates through resource limitation due to feedback between consumer and resource dynamics. Another strength of DEB-IPMs is that differences between species in their energy budget are mostly due to differences in their set of DEB parameters, facilitating comparative studies of character and population dynamics between species. Here, for example, we found that varying the variance in expected feeding level, r (Y), had little effect on predicted population growth rate and lifetime reproductive success in mites (lines in Fig. 2a ,c are very similar and sometimes overlap), but did result in different values for each expected feeding level E(Y) in case of the reef manta ray (lines in Fig. 2b,d are widely spaced). What drives these differences remains to be explored. Furthermore, unlike standard IPMs, no long-term individual-level data scored from birth to death are required for model parameterisation; instead, to run the DEB-IPM, one needs only seven parameter estimates (L b , L p , L m , R m , _ r B , j and l). This is of particular benefit to study systems where it is difficult to track the life history of the same individual (e.g. micro-organisms, small (soildwelling) animals). Even if limited or no DEB data are available, one can resort to the add-my-pet data collection and use DEB parameter estimates of related species as a starting point (Add-my-pet 2016) .
For the purpose of this study, we chose to use the most simple DEB growth model, but more complex alternatives exist. For example, within the 'standard' animal DEB model (Sousa et al. 2010) , individuals can build up reserves and use them when starving (in the Kooijman-Metz model, individuals die instantaneously when they cannot cover maintenance costs). This model has been simplified to the 'scaled standard model' (Kooijman et al. 2008) , but the use of scaling and compound parameters hampers the interpretation of equations (Jager, Martin & Zimmer 2013 (Jager, Martin & Zimmer 2013) . However, incorporating these DEB growth models into IPMs will be challenging, given the complexity of relating body length at time t + 1 and at time t from the model's differential equations. Furthermore, the parent-offspring and survival functions in the DEB-IPM are not mechanistically derived. Here, we assumed that individuals suffer a background mortality and die instantaneously the moment they cannot meet their energy requirements for maintenance. In reality, individuals can survive such periods of starvation by using reserves. However, in a test of how well an individual-based DEB model that includes reserve dynamics describes population patterns, Martin et al. (2013) concluded that the dynamics of starvation and recovery are too poorly understood to accurately predict population fluctuations. Only by including extra assumptions on food-dependent mortality were they able to match model predictions to independent observations from population experiments. Here, we have set a first step towards developing a more mechanistic IPM based on DEB theory. Although extending our framework is complex, we emphasise that structured population models, of any mathematical form, may benefit from the incorporation of mechanisms. For example, Alver et al. (2016) include food, energetics and temperature dependence in a partial differential equation model for marine copepods, coupled to ocean circulation. The possibilities for inclusion of mechanism are potentially endless.
O U T L O O K : E V O L U T I O N A R Y C H A N G E
The DEB-IPM, like most IPMs, does not include genes and hence does not explicitly incorporate evolution. Simple evolutionary insight can still be obtained through the estimation of evolutionary quantities such as the strength of viability and fertility selection (Smallegange & Coulson 2013) , which are calculated as the difference in population-level mean body length after and before survival, or after and before reproduction, respectively. When evolutionary change in character values takes many generations, analysis of a DEB-IPM will likely provide insight into current population, life history and character dynamics. To study long-term evolutionary change, one could apply evolutionary game theory to a DEB-IPM to study the endpoints of trait evolution (e.g. Childs et al. 2011) , but, then, the ecological and evolutionary time-scales are decoupled. Coulson et al. (2016) recently developed a framework that explicitly couples evolution and ecology by linking quantitative genetics and IPMs. For systems where the rate of evolutionary change in character distributions is likely to be (fairly) close to the rate of change observed on ecological time-scales, the latter framework would be highly suited to study change in phenotypic character distributions. If, in such cases, one is interested in the ecological and evolutionary dynamics of body size and its role in population and community dynamics, one would profit from incorporating the DEB-IPM into this framework. Such an endeavour would be particularly insightful in studies that focus on the eco-evolutionary dynamics of parameters that play an important role in individual life histories, such as size at birth or at maturity. This would require a multivariate DEB-IPM where the dynamics of each of these characters is modelled alongside the dynamics of body size. The accompanying challenges in doing so, however, at the moment, makes this a distant goal.
